Abstract: Physical capability (PC) is conventionally evaluated through performance-based clinical assessments. We aimed to transform a battery of sensor-based functional tests into a clinically applicable assessment tool. We used Exploratory Factor Analysis (EFA) to uncover the underlying latent structure within sensor-based measures obtained in a population-based study. Three hundred four community-dwelling older adults (163 females, 80.9 ± 6.4 years), underwent three functional tests (Quiet Stand, QS, 7-meter Walk, 7MW and Chair Stand, CST) wearing a smartphone at the lower back. Instrumented tests provided 73 sensor-based measures, out of which EFA identified a fifteen-factor model. A priori knowledge and the associations with health-related measures supported the functional interpretation and construct validity analysis of the factors, and provided the basis for developing a conceptual model of PC. For example, the "Walking Impairment" domain obtained from the 7MW test was significantly associated with measures of leg muscle power, gait speed, and overall lower extremity function. To the best of our knowledge, this is the first time that a battery of functional tests, instrumented through a smartphone, is used for outlining a sensor-based conceptual model, which could be suitable for assessing PC in older adults and tracking its changes over time.
Introduction
Physical capability (PC) can be defined as "a person's ability to do the physical tasks of everyday living" [1] . It is also defined as one of the domains characterizing the healthy aging phenotype recommended for the assessment of older adults by the National Institutes of Health (NIH) [2] . Assessment of the PC was previously achieved using questionnaires and clinical rating scales. Such an assessment is particularly relevant in older adults and is an essential component of comprehensive geriatric assessment in order to develop an overall plan for prevention, treatment, and long-term follow-up. A variety of tools has been proposed in the literature for assessing PC, but several might be sub-optimal for a number of reasons. Some of them suffer from ceiling or floor effect limitations. Values are presented as mean (SD) or number (%) unless otherwise indicated ACRONYMS: MMSE: Mini-Mental State Examination; IADL: Instrumental Activities of Daily Living, i.e., the number of instrumental activities in which the person requires help (e.g., preparing meals, performing housework, getting to places outside of walking distance, managing medications, etc.) [43] ; FALL: Prospective falls, number of falls occurred in the following year; FALL history: The number of falls in the last year declared during the assessment; CES-D: Center for Epidemiologic Studies Depression Scale, a questionnaire used to assess depressive symptoms (32) ; PA: Physical Activity, assessed through a questionnaire [44] ; SPPB: Short Physical Performance Battery, a measure of mobility function [8] ; HAND: The Hand-Grip strength test [45] kg, stronger hand; PWR: The lower extremity muscle power measured using the Nottingham leg extensor Power Rig [46] , watt; TMTA: Trail Making Test A, a neuropsychological test that assesses various cognitive abilities, including visual-conceptual, visuospatial, and visual-motor tracking [47] , s; Gait speed: obtained from the distance covered (7 meters) and the total time taken to complete the test, m/s.
Instrumented Tests
Participants performed three functional tests in a fixed order: the assessment of postural sway in Quiet Standing (QS), the 7-meters Walk (7MW) and the 5-times Chair Stand Test (CST). Not all the subjects were able to complete the whole battery of tests: Table 1 reports the demographic and functional profiles of each subgroup undertaking the tests. The tests were instrumented with a smartphone-based system developed within the FARSEEING project [23] . The smartphone (Galaxy SII or Galaxy SIII, Samsung, accelerometer range ±2 g) was worn at the lower back (fifth lumbar vertebra, L5), taken as reference of the body COM [48] , by means of an elastic waist belt. A custom Android application was used for recording tri-axial inertial signals (Anteroposterior, AP, Mediolateral, ML, Vertical, V) from the embedded sensors [29] . Acceleration vector magnitude, measured at the lumbar region, is within the range of the accelerometer (±2 g) in the majority of ADLs [30, 31] . That would not be true if the sensor were placed in other positions (chest, head, or limbs). In our study, the only activity that could saturate the acceleration signal is the sitting phase in the CST test. However, the effect produced by the impact between the trunk and the chair would be limited to a few samples and would not affect the assessment of the voluntary stand-to-sit movement. Since Android is not a real-time operating system, which means that the physical sensor access depends on other software tasks running in parallel, the sampling rate is usually not constant. We addressed this issue making use of the absolute time reference in nanoseconds associated with each sample [32] . We verified that on the specific mobile and Android version the actual sampling rate was on a narrow size distribution centered on 100 Hz and it was re-sampled offline at exactly 100 Hz before the signal processing. The time taken to complete the 7MW and CST tests were also recorded with a stopwatch following the usual protocol. Task segmentation and task-specific feature extraction, implemented in Matlab R2017b [49] , were based on state-of-the-art methods to characterize postural sway [50] , gait [10] and postural transitions [51] . A set of 73 sensor-based measures were computed [52] . Each test was performed as described below. The respective sensor-based measures are shortly summarized here and described in detail in Tables 2-4. QS: Subjects stand for 30 seconds with their arms at their side, feet hip-width apart, wearing shoes, with their eyes closed [53] . Twenty-three sensor-based measures are extracted from: i) the acceleration in ML and AP directions, including measures in the time and frequency domains, and ii) the estimated displacement of the body center of mass [50] , computed in the time domain to quantify the amount and direction of sway.
7MW: Subjects walk 7 meters at a comfortable and safe pace. The start and stop locations are marked on the floor [53] . Gait speed is computed as the distance covered divided for the total time taken to complete the test. Nineteen sensor-based measures are extracted from the acceleration in ML, AP and V direction to describe temporal gait parameters and measures of smoothness, regularity, and coordination [10, 54] .
CST: Subjects start seated on a chair with arms folded across the chest and with their back against the chair's backrest. On the command "go", they stand up and sit down five times as quickly as they can [53] . We segmented the CST test into its two sub-phases: Sit-to-Stand and Stand-to-Sit transitions [51] . The AP acceleration and the angular velocity about the ML axis are used to identify postural transitions. Overall, 31 task-specific sensor-based measures are extracted from acceleration and angular velocity in AP, ML and V direction to quantify mean values and standard deviations across repetitions of relevant parameters of the two sub-phases. Table 2 . Sensor-based features extracted from the QS test.
Feature
Sensor Description CF AP ML [55, 56] Accelerometer Centroidal frequency; frequency at which spectral mass is concentrated. Spectral moments are needed for the estimate:
where PSD is the Power Spectral Density of the signal, f is the frequency vector, and N is the total number of points of the PSD. Frequencies below 0.15 Hz are usually ignored.
EA DISPL [55, 56] Accelerometer, Displacement
The 95% confidence Ellipse Area is the area of the confidence ellipse enclosing 95% of the points on the sway trajectory. The accelerometer-based postural parameter can be defined by analogy with the parameter based on the displacement.
F 50% AP ML [55, 56] Accelerometer Median frequency; frequency below which 50% of total signal power (TP) is present. Starting from the Power Spectral Density (PSD) of the signal:
where the second formula means that F 50% is the frequency, f, corresponding to the nth index which is the smallest index such that g(n) is ≥50% of the total power. The total power is equal to g(N) where N is the total number of points of the PSD. Frequencies below 0.15 Hz are usually ignored. 
where the second formula mean that F 95% is the frequency, f, corresponding to the nth index which is the smallest index such that g(n) is ≥95% of the total power. The total power is equal to g(N) where N is the total number of points of the PSD. Frequencies below 0.15 Hz are usually ignored. FD AP ML [55, 56] Accelerometer Frequency dispersion; unitless measure of the variability of the power spectral density frequency content (zero for pure sinusoid; increases with spectral bandwidth to one). Spectral moments are needed for the estimate:
MV DISPL AP ML [55, 56] Accelerometer, Displacement Mean Velocity of the postural sway computed as the median of the absolute value of the time series obtained integrating the acceleration: 
where N is the total number of points of the signal s, and m is the mean value mean(s) Sway Path, the total length of the sway trajectory, computed as the sum of the distances between consecutive points in the time series. When considering a single direction of the sway:
When considering the sway path on the horizontal plane:
where s is a generic signal, s AP and s ML are the two sway components on the horizontal plane. N is the total number of points of the signal time series. The accelerometer-based postural parameter can be defined by analogy with the parameter based on the displacement 
Accelerometer
The Normalized Jerk Score during gait is computed for each step (i.e., between two consecutive heel strikes), then normalized to the step duration, and then averaged across all steps
where T is the duration (T end − T start ), a is the acceleration measured in m/s 2 . 
Feature Sensor Description
PCI [35, 57] [-] Accelerometer
Phase Coordination Index (PCI). PCI measures gait coordination (i.e., the accuracy and consistency of the phase generation).
where PhaseCV is the Coefficient of Variation of the Phase. ϕ i is the ith phase, which measures the step time with respect to the stride time assigning 360 • to each stride (gait cycle):
where hs L(i) and hs S(i) denote the time of the ith heel strike of the legs with the long and short step times, respectively.
Accelerometer Range of the signal
Accelerometer Root Mean Square (RMS) of the signal, s (it is a measure of dispersion):
where N is the total number of points of the signal s, and m is the mean value mean(s)
Reg [10] AP ML V [10] [-]
Accelerometer
Step and Stride regularity measured by means of the unbiased estimate of the autocorrelation function of the signal s:
where N is the total number of points of the signal and n is the phase shift in number of samples. Normalized Jerk Score of the acceleration (it is related with the smoothness of the movement):
where T is the duration (Tend-Tstart) of the considered sub-task and a is the acceleration measured in m/s 2 . 
where N is the total number of points of the signal s, and m is the mean value mean(s) 
Definition of the Conceptual Model
For each instrumented test one EFA was applied to the related sensor-based measures to reduce the dimension of the dataset and to discover the underlying relationships between measures. Since the EFA is based on the assumption of normally distributed data, the jerk scores were log transformed, and all the sensor-based measures were standardized to zero mean and unit variance before EFA. Varimax rotation was used to derive orthogonal factor scores. We considered relevant sensor-based measures with factor loading greater than 0.5 as the absolute value. For each EFA, a scree plot (Parallel analysis) was used to determine the minimum number of factors to retain. To retain as much of the original information as possible, we verified that each resulting factor structure explained at least 70% of the total variance [58] . We hence defined a conceptual model for PC assessment based on the EFA results: We mapped each factor into a specific conceptual domain. Based on our a priori knowledge, the sensor-based measures that contribute to each factor were analyzed and functionally interpreted to identify the corresponding construct. These constructs represent the domains of the conceptual model. Figure 1 shows the flowchart of the conceptual model development process.
Statistical Analysis
Once the constructs (domains) of the conceptual model were defined, we analyzed the following associations: (i) the association between domains in the conceptual model, (ii) the associations between domains and health-related measures, and (iii) the association between health-related measures. The first two associations were performed to investigate the construct validity, while the third analysis was performed to investigate the relationships between health-related measures and whether the covariates influence them. These associations were investigated by computing linear regression analyses. We selected a limited number of covariates from the ones that were available (i.e., age, gender, cognitive status and anthropometric measures) which are known to affect both the heath-related measures and physical performance. Each linear regression analysis was performed two times: first, without adjusting for any covariate and then, adjusting for Age, Gender, Height, Weight, MMSE and number of medications. Finally, the two results were compared to assess the effect of these covariates on the relationships.
We used Bland-Altman analysis to assess the agreement between the smartphone and the stopwatch in measuring the time taken to perform the 7MW and CST tests.
EFA and statistical analyses were performed using RStudio (version R 3.4.3) [59] . Sensors 2018, 18, x FOR PEER REVIEW 9 of 23 Figure 1 . Flowchart of the conceptual model development process. Nm is the number of sensor-based measures extracted from each test, Nf is the number of factors and NTOT is the total number of domains constituting the conceptual model.
Once the constructs (domains) of the conceptual model were defined, we analyzed the following associations: i) the association between domains in the conceptual model, ii) the associations between domains and health-related measures, and iii) the association between health-related measures. The first two associations were performed to investigate the construct validity, while the third analysis was performed to investigate the relationships between health-related measures and whether the covariates influence them. These associations were investigated by computing linear regression analyses. We selected a limited number of covariates from the ones that were available (i.e., age, gender, cognitive status and anthropometric measures) which are known to affect both the heathrelated measures and physical performance. Each linear regression analysis was performed two times: first, without adjusting for any covariate and then, adjusting for Age, Gender, Height, Weight, 
Results
Sensor-based measures contributing to each factor obtained from the EFA performed on each test of the battery, percentage of the explained variance and corresponding domains are shown in Figure 2 . The a priori knowledge and the functional interpretation of the factors were used for labelling the domains making up the model. As an example, the MV AP DISPL and SP AP DISPL participate to the fourth factor of the QS conceptual model (QS4, see Table 5 ). These measures have been related to the effectiveness of the postural control system [55] , and for this reason, the domain was then labelled as "AP Postural Control Impairment".
Step and stride regularity participate to the second factor of the 7MW model (7MW2, see Table 6 ), which was labelled "Gait Irregularity" [10] and so forth. Figure 2 . The a priori knowledge and the functional interpretation of the factors were used for labelling the domains making up the model. As an example, the MV AP DISPL and SP AP DISPL participate to the fourth factor of the QS conceptual model (QS4, see Table 5 ). These measures have been related to the effectiveness of the postural control system [55] , and for this reason, the domain was then labelled as "AP Postural Control Impairment".
Step and stride regularity participate to the second factor of the 7MW model (7MW2, see Table 6 ), which was labelled "Gait Irregularity" [10] and so forth. 
QS Factor Model
The EFA grouped 19 out of 23 sensor-based measures into 4 factors, accounting for 70% of total variance (see Table 5 ). The resulting independent domains were labeled as: "Postural Instability", "AP Postural Reaction Time and Jerkiness", "ML Postural Reaction Time and Jerkiness", "AP Postural Control Impairment".
MW Factor Model
The EFA grouped all 19 sensor-based measures into 5 factors, accounting for 77% of total variance (see Table 6 ). The resulting independent domains were labeled as: "Walking Impairment", "Gait Irregularity", "Gait Jerkiness", "ML Gait Instability", "Gait Variability".
CST Factor Model
The EFA grouped 29 out of 31 sensor-based measures into 6 factors, accounting for 80% of total variance (see Table 7 ). The resulting independent domains were labeled as: "Dynamic Postural Impairment", "Sit-to-Stand Jerkiness", "ML Dynamic Postural Instability", "Stand-to-Sit Jerkiness", "AP Stand-to-Sit Weakness", "AP Sit-to-Stand Weakness". 
Construct Validity Analysis
The results of the construct validity analysis are reported in Tables 8 and 9 . The linear regression analysis between the health-related measures provided results reported in Table 10 . Beta coefficients with a p-value ≤ 0.05 are bolded. 
Bland-Altman Analysis
Limits of agreement between the smartphone-and stopwatch-based duration of 7MW and CST were [−0.58, 3.32] s and [−0.13, 5.98] s, respectively.
Discussion
We aimed to assess whether a battery of instrumented tests is suitable for obtaining a sensor-based conceptual model for the assessment of the older adults' PC. Our goal was to explore the possible underlying factor structure of the instrumented measures obtained in the tests. For this purpose, we performed one EFA on each set of sensor-based measures obtained from each instrumented test. Machine and statistical learning methods could lead to better results in terms of prediction of the outcome, but these techniques do not take into account the latent structure of the dataset. Therefore, we included all the features in the model as opposed to identifying specific predictors in the original dataset (i.e., the subset of features that achieves the best prediction performance). The domains of the thus obtained conceptual model, which are a linear combination of the original instrumented measures, could also be used as predictors for an outcome, but through EFA they are built independently of a specific outcome. However, these techniques could be evaluated in future studies. An alternative method to EFA, which also reduces the number of features by building linear combinations of the original set of features, is Principal Component Analysis (PCA). Although PCA and EFA sometimes might produce similar results, they are in fact two distinct techniques. The goal of PCA is data reduction, while the goal of EFA is to discover the latent factors that are responsible for a set of measured variables [60] . Indeed, PCA determines linear combinations of the measured variables retaining as much information as possible, without differentiating between common and unique variance. On the contrary, EFA estimates latent constructs that cannot be measured directly (factors). The potential limitations of using EFA are the following: i) it is an exploratory, data-driven procedure, which it is not designed to test hypotheses or theories; ii) the computation of the same set of features is needed for new predictions; iii) if the sample is not representative enough of the general population, it could produce domains that are sample specific. Despite these limitations, we believe that this is the best approach to provide a simplified structure of our original dataset, since the factors, which are obtained independently of a specific outcome, are based on the underlying latent structure. We used the a priori knowledge on the instrumented measures and the functional meaning of the EFA results to approach the conceptual interpretation and naming of the factors. This procedure has led to obtaining the domains constituting the conceptual model finally. Since Varimax rotation was used to derive the factor scores, we can assume that the obtained factors are independent. Indeed, as expected, we found no association between the domains of each functional test (see Table 8 ). Our work was exploratory, aiming to expand our knowledge and assess the feasibility of developing a model of PC by simplifying the structure from a large number of instrumented measures available. For this purpose, we explored and interpreted the associations between instrumented and standard clinical measures. Tables 8-10 show that we found several significant associations in both the unadjusted and adjusted linear regression analyses. The associations that were not explained by the covariates were consistent and confirmed the functional meaning of the domains In general, the "Walking Impairment" (7MW1) and "Gait Irregularity" (7MW2) domains obtained from the 7MW test were significantly associated with measures of leg muscle power, usual gait speed, and overall lower extremity function. After adjusting for the covariates, two domains were not associated with any health-related measures (see Table 9 ): the "ML Postural Reaction Time and Jerkiness" (QS3) of the QS factor model, and the "Gait Jerkiness" (7MW3) of the 7MW factor model. This could be due either to non-linear associations between domains and measures or to their association with other health-related measures that were not included in this study. For example, it has been proposed that the capacities in ML direction may be associated with the risk of falls [61] which may not be adequately described by the history of falls. Furthermore, the lack of correlation between quiet standing and fall history could be due to the small number of falls reported by this healthy and fit population. Indeed, only 6% and 5% of the total population experienced at least 2 falls in the previous and following year respectively (see Table 1 ). In summary, higher-functioning (both physical, SPPB, and cognitive, TMTA) older adults who were more active (PA) and stronger (HAND, PWR) performed better on the instrumented functional tests. A more detailed discussion of these results follows.
Gait Speed
Gait speed was significantly related to domains of the 7MW and CST both in the unadjusted and adjusted model. This is in agreement with other studies in which gait speed was shown to be a good health indicator for older adults [62] . Conversely, the association between this measure and the capacities to maintain the static balance were explained by the covariates. This finding suggests that gait speed may be a useful measure of dynamic balance, but it might not be useful in predicting the abilities to maintain static balance.
SPPB
The covariates explained the association between the Short Physical Performance Battery (SPPB) score and CES-D, TMTA, "AP Postural Control Impairment" (QS4), and "AP Stand-to-Sit Weakness" (CST5). The SPPB score is a measure of the older adults' functional capacity and includes tests of balance, gait speed, and repeated chair stands. The higher the SPPB score, the better the adults' performance. As we expected, older adults with high SPPB score, had less IADL, less falls in the last 12 months (FALL-history), they were more active (PA), stronger (HG and PWR), they had less "Postural Instability" (QS1), they showed less difficulties in walking (gait speed, "Walking Impairment", 7MW1, "Gait Irregularity", 7MW2, "Gait Variability", 7MW5) and in performing the CST test ("Sit-to-Stand Jerkiness", CST2, "Stand-to-Sit Jerkiness", CST4, "AP Sit-to-Stand Weakness", CST6).
IADL
The association between IADL and HG, PR, TMTA and the domains of QS ("Postural Instability", QS1) and CST ("Sit-to-Stand Jerkiness", CST2, "Stand-to-Sit Jerkiness", CST4 and "AP Sit-to-Stand Weakness", CST6) factor model were explained by the covariates. These results show that older adults who had a higher number of instrumental activities in which they required help were also less active and fit, and they had more difficulties while walking (PA, SPPB, gait speed, "Walking Impairment", 7MW1, "Gait Irregularity", 7MW2).
FALL-History
The associations between the number of falls experienced during the last 12 months (FALL-history) and SPPB, "Gait Irregularity" (7MW2) and "Sit-to-Stand Jerkiness" (CST2) were not explained by the covariates. This implies that older adults who experienced more falls showed poorer performances in the domains that require strength. Indeed, they were less fit and less smooth during postural transitions. Gait speed was not related to the history of falls, but older adults who fell more showed a less regular gait. This finding is in agreement with a recent study, in which senior athletes with a history of falling demonstrate poorer performance than those who report no falls, and CST was highly related to fall history, suggesting the need for strength besides the balance in an individual's ability to prevent falls [63] .
CES-D
CES-D is a screening test for depression and depressive disorders. The associations between CES-D and all the health-related measures, the domains of the 7MW ("Walking Impairment", 7MW1 and "Gait Jerkiness", 7MW3) and CST ("ML Dynamic Postural Instability", CST3) factor models, were explained by the covariates. In summary, after adjusting for the covariates, older adults who reported depressive symptoms were less reactive and smooth during the QS test ("AP Postural Reaction Time and Jerkiness", QS2), and they showed more "Gait Irregularity" (7MW2) and "AP Sit-to-Stand Weakness" (CST6). Since postural transitions need high Range of Motion, older adults with depressive symptoms appear to be less strong and reactive. This result is in agreement with the study by Penninx et al. [64] in which depressive symptoms were predictive for decline in physical performance.
PA
The associations between the declared physical activity (PA) and the CES-D, HG, PR, TMTA, "Gait Jerkiness" (7MW3) and "AP Sit-to-Stand Weakness" (CST6) were explained by the covariates. As expected, older adults who were less active, had a higher number of instrumental activities in which they required help (IADL), they were less fit (SPPB), and less able to walk (gait speed, "Walking Impairment", 7MW1, "Gait Irregularity" 7MW2).
HAND
The association between Hand-Grip strength test (HAND) and IADL, CES-D, PA, TMTA, "AP Postural Instability" (QS4) and some domains of the 7MW ("Walking Impairment", 7MW1, "Gait Jerkiness", 7MW3) and CST ("ML Dynamic Postural Instability", CST3, "Stand-to-Sit Jerkiness", CST4, "AP Sit-to-Stand Weakness", CST6) factor models were explained by the covariates. The performances in the CST test reflect the strength of the lower limbs. Surprisingly, after adjusting for the covariates, no significant associations between upper limbs strength (HG) and CST factor model were found. Older adults with higher HAND were more fit and strong (SPPB and PWR), they had better capacities in maintaining static balance ("Postural Instability", QS1), and walking (gait speed, "Gait Irregularity", 7MW2 and "ML Gait Instability", 7MW4). These results are consistent with the findings of a previous study that highlighted the association between grip-strength and future outcome in aging adults [65] .
PWR
After adjusting for the covariates, only the SPPB score, the HAND and the gait speed were significantly associated with the lower limbs strength (PWR). No significant associations between PWR and domains of the QS factor model were found. In our findings, the associations between strength (both HAND and PWR) and the ability to maintain static balance ("AP Postural Control Impairment", QS4) were explained by the covariates. Older adults who had higher lower limbs strength, showed less difficulties to walk (gait speed, "Walking Impairment", 7MW1, "Gait Irregularity", 7MW2) and, as expected, performed better in the CST test ("Sit-to-Stand Jerkiness", CST2, "ML Dynamic Postural Instability", CST3, "AP Stand-to-Sit Weakness", CST5, "AP Sit-to-Stand Weakness", CST6).
TMTA
The Trail Making Test part A (TMTA) assesses psychomotor speed. Attention and executive function are related to the cognitive control of gait, posture, and balance (6, 7) . Performance on the TMTA is a strong, independent predictor of mobility impairment, accelerated decline in lower extremity function, and mortality in older community-living adults (8) . After adjusting for the covariates, only the association between the TMTA and "AP Postural Control Impairment" (QS4), gait speed, "Walking Impairment" (7MW1) and "Stand-to-Sit Jerkiness" (CST4) were significant.
All these results suggest that the sensor-based model is consistent with the conventional clinical measures of PC. The gait speed and SPPB served as a standard clinical outcome measure of older adults' PC. The coherence of the information obtained from the instrumented measures and the standard clinical outcome (and other health-related measures) was investigated through the linear regression analysis. As expected, the SPPB score correlates with all the health-related measures (Table 10) whereas this measure doesn't correlate with all the domains of the conceptual model ( Table 9 ). The domains that were not associated with the health-related measures suggested that they refer to abilities that were not possible to objectively measure with the standard outcome. The interpretation of the construct validity analysis results confirmed that inertial sensors embedded in smartphones can detect and assess the status of different functional domains, adding useful information to the conventional clinical assessment. To the best of our knowledge, this is the first time that conceptual models are used to transform datasets obtained from an instrumented battery of sensor-based functional tests into clinically interpretable information. Such a model can contribute to facilitate the adoption of the sensor-based assessment in everyday clinical practice. However, further validation studies also involving different target groups are needed to deeply investigate such interpretative models.
Case Studies
In this section, a possible scenario in which a clinician could benefit from the additional information provided by the sensor-based conceptual model is presented. Figure 3 shows three radar plots for three different case studies, providing a graphical representation of the conceptual model. The black lines represent the median value, the 25th and 75th percentiles of the scores given to the older adults. The dark gray area represents extreme values (very high, above the 75th percentile, or very low, below the 25th percentile). Favorable values of the scores, below the 75th percentile, reflect good performances in the domain.
Case 1: Based on the clinical assessment of the subject (male, 69 years old) was not at risk of a fall, but 2 prospective falls occurred. As shown in Figure 3 , he showed high instability in ML direction during the QS, 7MW and postural transitions (QS3, 7MW4 and CST3 were above the 75th percentile). This may corroborate the idea that ML stability is crucial to prevent falls in community-dwelling older adults [66, 67] .
Case 2: The older adult (female, 81 years old) had all the health-related measures within their reference values, but she had poor strength (low HAND and PWR). The weakness is reflected in poor ability to maintain the static balance: High "ML Postural Reaction Time and Jerkiness" (QS3) and "AP Postural Control Impairment" (QS4), confirming the findings reported elsewhere [68] . She showed also high "Gait Jerkiness" (7MW3) and poor ability to perform the CST test: high "Dynamic Postural Impairment" (CST1), "Stand-to-Sit Jerkiness" (CST4) and "AP Stand-to-Sit Weakness" (CST5).
Case 3: The older adult (male, 86 years old) had all the health-related measures within their reference values, except for the gait speed, which was below 1 m/s. This cut-off point has been related to the risk of adverse health outcomes and disabilities [5, 69] . Indeed, the Radar Plots show that his capacities to maintain static balance are not compromised, but he had difficulties while walking (high "Walking Impairment", 7MW1, "ML Gait Instability", 7MW4, and "Gait Variability", 7MW5) and while performing postural transitions (high "Dynamic Postural Impairment", CST1 and "Stand-to-Sit Jerkiness", CST4, and "AP Stand-to-Sit Weakness", CST5). "Walking Impairment", 7MW1, "ML Gait Instability", 7MW4, and "Gait Variability", 7MW5) and while performing postural transitions (high "Dynamic Postural Impairment", CST1 and "Stand-toSit Jerkiness", CST4, and "AP Stand-to-Sit Weakness", CST5). 
Conclusions
To the best of our knowledge, this is the first time that a battery of functional tests, instrumented through a smartphone, is used for outlining a sensor-based conceptual model (Figure 2) , which is suitable for physical capability assessment of older adults. EFA allowed us to reduce the number of sensor-based measures taken from instrumented functional tests and find domains with clear functional meaning. The interpretation of the significant associations suggests that such domains confirm and expand information obtained with clinical testing and provide quantitative information about several mobility skills that are usually not captured by conventional outcomes. This exploratory research shows that instrumented functional testing has the potential to advance the quality of current mobility assessments; enhance our understanding of an individual's true physical capabilities; and disclose subtle changes in physical capabilities that would otherwise remain undetected. Increasing our understanding and the sensitivity of mobility assessment is of the utmost importance since it may enable earlier detection of functional decline and identify therapeutic targets for rehabilitation. Further work is needed to evaluate whether this more detailed information adds to our ability to predict adverse outcomes, over and above clinical testing like gait speed and SPPB. 
To the best of our knowledge, this is the first time that a battery of functional tests, instrumented through a smartphone, is used for outlining a sensor-based conceptual model (Figure 2) , which is suitable for physical capability assessment of older adults. EFA allowed us to reduce the number of sensor-based measures taken from instrumented functional tests and find domains with clear functional meaning. The interpretation of the significant associations suggests that such domains confirm and expand information obtained with clinical testing and provide quantitative information about several mobility skills that are usually not captured by conventional outcomes. This exploratory research shows that instrumented functional testing has the potential to advance the quality of current mobility assessments; enhance our understanding of an individual's true physical capabilities; and disclose subtle changes in physical capabilities that would otherwise remain undetected. Increasing our understanding and the sensitivity of mobility assessment is of the utmost importance since it may enable earlier detection of functional decline and identify therapeutic targets for rehabilitation. Further work is needed to evaluate whether this more detailed information adds to our ability to predict adverse outcomes, over and above clinical testing like gait speed and SPPB.
